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Introduction
Geographical dimensions of poverty are at the heart of many public policies, as well as central to research into the determinants of economic development and poverty. Poverty maps, for example, are used in many developing countries to guide the division of resources among local agencies or administrations as a step in reaching the poor. However, in practice, this has only been done at fairly aggregated levels. The effectiveness of using locale as a means to target resources to the poor is a function of the level of the geographic unit that is the basis of allocation and works best when the unit is relatively small (Baker and Grosh, 1994) .
Globally, information on many aspects of living standards, especially poverty measured by household income or expenditure, is rarely available for a sufficient number of households to permit the construction of a finely disaggregated map or for ranking local units of government on the basis of poverty. For example, the World Bank's Living Standard Measurement Surveys (LSMS), variants of which have been fielded in many developing countries, typically do not allow for a disaggregation of average incomes or poverty rates in a community much beyond a simple rural/urban breakdown within broad regions of a given country.
Unlike most sample surveys, census data do not suffer from small sample problems. However, they typically contain little direct information on household resources. The lack of income or expenditure information in such data sets has often prompted policy makers to explore alternative welfare indicators to derive the required geographic dimension of poverty and inequality. Many countries have developed sometimes crude, sometimes more sophisticated, basic needs indicators for this purpose but these indicators do not always conform well with consumption or income welfare indicators (Grosh and Glinskaya, 1997) .
In some countries, for example, South Africa, income classifications are obtained in the census by using broad ranges. The classification of individual or household income into such ranges seldom conveys to the respondent a clear definition of income. Thus, even abstracting from the nearly universal tendency of households to conceal income from interviewers, a respondent may fail to consider key components of income of poor households such as agricultural profits (either sale or own consumption) or informal sector profits and casual wages. Again, this measure of income may not be a fair indicator of income and consumption.
This motivates the interest in seeking ways to combine detailed information obtained in household surveys with the more extensive coverage of a census to derive geographic poverty estimates based on a consumption welfare indicator. This has been initially explored by Hentschel et al (1999) , who modeled consumption behavior from a household survey in Ecuador using a set of explanatory variables that is restricted to those which are also available in the Ecuadorian census.
Applying the resulting parameter estimates to the census, Hentschel et al (1999) show how the probability that a given household in the census is in poverty can be derived and how detailed geographic poverty rates can be calculated. Their methodology has since been improved to take into account various characteristics of the disturbances from the first stage regressions. The revised methodology is described in Elbers et al (2001a) , and has been utilized in various countries, such as Brazil, Ecuador, and Madagascar.
This study builds on that approach in order to utilize information from the 1995 South Africa October Household Survey (OHS) and the related Income and Expenditure Survey (IES) in conjunction with the 1996 Population Census. We present evidence that incomes and poverty rates reported in the census differ systematically from those obtained in the household survey. We provide an alternative imputed income estimate that is both consistent with the survey estimates and available for virtually all households, which appear in the census. Thus, the methodology illustrates a means to obtain poverty estimates at any sub-national level of administration for which the information is desired.
This information on aspects of living standards at a disaggregated level has direct application in South Africa. The Constitution requires the Parliament to pass legislation providing for the equitable division of nationally raised revenue among provincial and local spheres of governments. Provisions were made for the distribution of a grant to municipalities 1 based on levels of poverty. This equitable shares grant is an unconditional grant to the municipality and is not a transfer to households intended to bring their incomes up to a target level. Nevertheless, the grant is based, in part, on the number of households within the jurisdiction which have an income of less that 800 Rand per month. 2 However, there is no direct means of assessing the number of individuals in this category. This key allocation must be performed using incomplete or indirect information. As a general rule, central governments may not have the capacity to obtain this type of information directly and local governments may not have the incentive to transmit it (Alderman, 2001) . Thus, an improved ability to map poverty will directly contribute to the implementation of the distribution of equitable share grants.
The paper is structured as follows. The next section provides a brief description of the methodology and its links to the literature. Section III discusses relevant features of the data sets employed in this study. Section IV presents some direct comparisons between the mean levels of income and expenditure and poverty rates from the IES at the level of province and district council, and the corresponding means and poverty rates using income data from the Population Census. Section V presents the details of the poverty mapping methodology, which form the basis for the imputation of
1 The definition of a municipality in South Africa has changed due to administrative boundary changes since 1998/99, the financial year for which this law was initially written. See Section II for a brief discussion of the new administrative hierarchy in South Africa.
consumption in the census data. The analogous comparisons to Section IV are repeated using these imputations. The question of how disaggregated a poverty map we can produce is discussed in Section VI. Section VII concludes the paper.
II. Methodology
The basic methodology applied in linking surveys and census-type data sets is very similar to that of synthetic estimation used in small-area geography. Prediction models are derived for consumption or income as the endogenous variable, on the basis of the survey. The selection of exogenous variables is restricted to those variables that can also be found in the census (or some other large data set). The parameter estimates are then applied to the census data and poverty and inequality statistics derived. Simple performance tests can be conducted which compare basic poverty or inequality statistics across the two data sets. For Ecuador, Elbers et al (2001a) show that regional poverty estimates, calculated on the basis of imputed household consumption in the census, are very similar to those derived from consumption measured directly in the household survey.
The calculation of poverty and inequality statistics using predicted income or consumption has to take into account that each individual household income or consumption value has been predicted and has standard errors associated with it. Elbers et al (2001a) show that the approach yields estimates of the incidence of poverty and of inequality that are consistent, and that the standard errors are reasonably precise for small geographic units, such as parroquias in Ecuador. Furthermore, recent case studies from Brazil and Madagascar 3 , demonstrate that these estimates are precise enough to permit meaningful comparisons across 2 nd and 3 rd levels of administration.
There has been a number of recent studies addressing the combination of information from different data sets (e.g. Arellano and Meghir 1992 , Angrist and Krueger, 1992 and Lusardi, 1996 .
Typically, however, these studies combine several household surveys rather than surveys with census data, and so far they have not been used to study spatial dimensions of poverty. While within sample imputation of missing observations is a quite common procedure (e.g. Paulin and Ferraro, 1994) , out-of-sample imputation, which combines different data sets, is less frequent. One recent study that does combine an expenditure survey with census information to estimate local income distributions is Bramley and Smart (1996) . However, this study differs from the approach used here in that Bramley and Smart did not have access to unit level data from both data sources and hence derived local income distributions not from predicted household incomes but from estimates of distribution characteristics.
This study differs from other studies in the literature, including Elbers et al (2001a) in that, while we are imputing values for consumption which are not present in the census, we are also substituting them for a variable, income, for which information is available. By what measure do we know we have substituted an improved indicator of the welfare of the community? We will take as a maintained hypothesis that consumption is generally more accurately collected in household surveys than is income and that it is a valid measure of the long run control of resources by the household (Deaton, 1997) 4 . Thus, we seek to compare the correspondence of both the average of the income 3 See Elbers et al (2001b) and Mistiaen et al (2001) .
measure obtained in the census and the poverty rates calculated using this measure with those estimates using the expenditure measure in the IES. If the imputation of expenditure is of value then the imputed estimates using census data should be closer to the IES indicators of consumption and poverty than those based on the reported census income measure. In addition to looking at the correlation of poverty measures and rankings on poverty we also look at a measure of the gap based on the absolute difference between the two poverty measures. This is defined as
Where Y i is a measure of poverty derived using IES data (poverty rate, average expenditures, or income) for a given unit, denoted by the subscript i. Similarly, Yˆi indicates the corresponding income or predicted expenditure from the census.
While the gap measure provides a summary statistic, we also regress the individual components of the statistic against variables that may account for differences in the accuracy of the census income data. That is, we run regressions using Y i -Yˆi/mean(Y i ) as the left-hand variable. This allows us to investigate whether the bias in average reported census income, measured by its divergence from mean expenditure in the household survey for the same region varies between areas depending, among other factors, on the sectoral composition in each region.
Our validation exercise must take into account the fact that the IES was not designed to be representative at the level of disaggregation with which we want to use the data. Indeed, were it representative for lower levels of administration there would be little need to impute poverty estimates into the census. Thus, although we can link the OHS and the census at the magisterial district level, validation using this imprecise reference point is of limited value. For this reason, we first perform our validation exercise at the province level even though we seek to create a poverty map for smaller geographical units. We repeat the exercise, however, at a higher degree of spatial disaggregation,
mainly to demonstrate what happens to the gap measure at lower levels of administration. Hence, we calculate mean census income and mean imputed expenditure in the census for each province (and district council) and determine how they fare against the mean household expenditure in the IES for the corresponding province (district council).
The hierarchy of administrative units in South Africa is complex and continues to change. In the period 1996 to 1999, there were two distinct administrative hierarchies below the provincial level: the magisterial district hierarchy and the transitional municipality hierarchy consisting of local and rural councils.
The 1996 census geographical codes were based on the magisterial district hierarchy, consisting of 9 provinces subdivided into 354 magisterial districts. This hierarchy is currently under review and will lead to new magisterial district boundaries in the near future.
The second hierarchy was a system of 9 provinces subdivided into 45 district councils, which were further subdivided into a total of 841 transitional municipalities. There were 2 types of transitional municipalities: transitional local councils (TLC), and transitional rural councils (TRC) or rural local councils (RLC). Transitional municipalities were temporary administrative units, as the name suggests, and South Africa is moving towards establishment of approximately 300 municipalities that fall under district councils in the new administrative scheme. In this paper, we utilize administrative units from both hierarchies.
III. Data
This section provides some information on each of the three data sources that are utilized.
The OHS is an annual survey, which focuses on a few key indicators of living patterns in South Africa. In particular the survey focuses on employment, internal migration, housing, access to services, individual education, and vital statistics. 29,700 households were interviewed in the 1995 round of the survey.
As its name implies the IES provides information on the income and expenditure of households for the 12-month period prior to the interview. The questionnaire was designed to capture the value of gifts and in-kind benefits and the imputed value of housing under income and consumption. For example, the cost of housing is based on 27 questions and monthly expenditures on food and beverage is aggregated up from information obtained in 131 questions with an additional 22 questions covering food consumed from own production. Similar details are sought regarding non-food purchases and services obtained, using a mix of monthly and annual recall.
Income is based both on individual formal and non-formal earnings and returns to household assets as well as gifts and dowry received. In order to make these income and consumption aggregates comparable with the census data, all incomes and expenditures are presented in 1996 South African Rand (ZAR), using the consumer price index.
The IES was designed for use with the OHS. While the interviews for the IES were conducted at a slightly later date than the OHS, the same households were visited. In all, 28,710
households remained in the data set after the two surveys were merged. The sampling weights provided in the IES were used throughout our analysis.
The census covers over 8.3 million households, recording data from individuals based on where they were the night between October 9 and October 10, 1996. In addition to information on household composition it collected some details on housing and services in a manner that paralleled the OHS. It also asked all individuals to indicate their incomes including pensions and disability grants. The individuals were asked to indicate in which of 14 brackets this income fell. In order to get to household income, each of these ranges was assigned a point value. For most categories this value was the logarithmic mean of the top and bottom income of the bracket. For the lowest group with income, however, the value was two thirds of the interval. For the highest bracket (greater the 360,000 Rand per year) this value was 720,000. These assignments follow standard practice within Statistics South Africa. The census also asks for the value of all remittances received by the household in the preceding year. The individual point estimates for each bracket were then summed.
This figure was added to the estimate of household income.
All of these data sets include coding for the province, the district council, the TLC, the enumeration area type, and the magisterial district in which the household resided. As mentioned above, only the province samples in the OHS/IES are representative of the respective population.
Nonetheless, given the large sample size and the sample stratification, the information from the household surveys at the district council level should also be a decent approximation for the population characteristics in those districts 5 .
For both the IES and the census we averaged expenditure (income in the census) per household over each of our units of analysis. 6 We also created headcount poverty indices for each geographical unit. This index is the well-known Foster, Greer, and Thorbecke poverty measure, FGT(0), defined as the percentage of households whose total expenditures fall below the poverty line.
5 The sample was stratified by province, urban and non-urban areas, and population group.
6 Recent studies have indicated that the poverty ranking of households is sensitive to assumptions regarding the degree that households have scale economies as well as whether adult equivalency scales are assumed for
IV. Comparing Census Income and IES Expenditure.
The average income from the IES is ZAR 3,309 per household per month. Average monthly current expenditure is ZAR 2,959. Both these estimates exceed the monthly income including remittances from the census income data. That average is ZAR 2,454. The IES expenditure figure aggregates very close to the 330 Billion Rand of private consumption for 1996 estimated by the South African Reserve Bank, while the latter is nearly 20% below. In principal, household income includes private investment and, therefore, should exceed private consumption, thus, the IES figures are fairly consistent with the share of GNP not accounted for by government consumption, corporate savings, or account deficits while the aggregation from the census is less so.
Given the difference in income in the two data sets it is not surprising that poverty rates using the IES also differ from those based on census data. We indicate this using a poverty line set at 800 Rand per household per month 7 . Using this poverty line and the expenditure data from the IES the percentage of poor in the country is 28.3. However, using the income from the census, the estimated number of poor based on the household poverty line is 52.2 percent. That is, the estimated poverty rate is over 80% higher in the census than the IES data.
The difference between the census and IES poverty estimates reported above can not be attributed to the fact that the former are based on incomes while the latter are based on expenditures.
Poverty estimates using the income data from the IES show the percentage of poor households in the children (Lanjouw, Milanovic and Paternostro, 1999) . However, we do not address this possibility in the current study.
country is 28.6. Thus, the estimated rate of poverty using income from the IES is very similar to that estimated using expenditure. Given the close correspondence of the poverty estimates using either income of expenditure based on IES data, for the remainder of this paper, we will concentrate on the expenditure data from the IES.
As indicated in Table 1 , province level income averages from the IES are significantly different than their counterparts from the census. However, this does not necessarily mean a poor correlation of average incomes by province as defined in the census with the average expenditures by province from the IES. While the correlation coefficient between the census income and IES expenditure is 0.93, the ordering in terms of income differ, hence the Spearman rank correlation coefficient is only 0.68 (see table 2 ). The corresponding figures for the poverty estimated in terms of the percentage of households with less than 800 Rand per month calculated from the two alternative data sources are worse, 0.76 and 0.55 respectively.
[Tables 1 & 2 here]
The census collects income information from one question on individual income including pensions and one on remittances without any probing about informal income or enterprise profits. In contrast, the household survey details both income and expenditure information as described in the beginning of this section. As a result, the census income is understated for most of the population, but likely more in rural areas. It is plausible that, in the census, people in urban areas with a higher share of individuals earning salaries are able to state their earnings better than people who live in rural portions of former homelands or other rural areas, who earn more from casual income and from own production 8 .
The first two columns in Table 3 show regression results for the gap measure between the average census income at the province level and average expenditure from the IES as a function of the percentage of population living in rural areas classified as former homelands (or as urban formal), as well as the average provincial expenditure using the IES data. The average gap (the lefthand side variable in the regression) is 0.183, but ranges from 0.009 to 0.353 over the provinces.
The larger the percentage of population residing in rural areas of former homelands in a province the less correspondence between the census and the IES data (i.e. the higher the gap) as indicated by the positive and statistically significant coefficient on the variable. Similarly, the coefficient on the variable for the urban formal areas is negative and significant.
Furthermore, controlling for area of residence, provinces with higher average expenditures also have a larger gap between census income and IES expenditure. Since we are dealing with only nine observations at this time, we can match this result with the data in Table 1. For example there is a large gap in Gauteng province, despite the fact that 81% of its population lives in urban formal areas, which likely accounts for the coefficient on the variable for provincial average expenditure.
For the two provinces with no areas classified as former homelands (Western Cape, Northern Cape), there are no significant differences between the two measures. The gap figures for these two provinces are quite small being 0.019 and 0.009, respectively.
8 Although no specific category for salaried workers exists for the over 100, 000 adults covered in the 1995 OHS, we were able to look at variables such as activity status, full-time vs. part-time work, self-employment, membership in trade unions, entitlement to paid leave, that are correlated with regular income. These provide the basis for our conclusion that there are more salaried individuals in urban areas than rural areas. For example, 38% of the employees in urban areas are entitled to paid leave while only 20% are in rural areas. The share of union members is again higher in cities (36%) compared to rural areas (22%).
[ Table 3 here]
The third and fourth columns of table 3 show results of regressions using the gap for the headcount index. Again, the percentage of rural portions of former homelands is associated with a large gap in between the census and the IES poverty estimates and the percentage of households in formal urban areas is associated with a better fit.
We repeat the analysis at a higher level of disaggregation, thus increasing the number of observations. We take the averages for income or expenditure and the poverty rates for each of the 45 district councils in South Africa. The regressions in the first four columns of table 4 indicate that the basic picture from Table 3 is unchanged; the fit is less precise when the average is over a rural portion of former homelands and much better for urban formal areas. Again, the gap increases with a higher average expenditure.
[ Table 4 here]
To summarize, the income data collected in the census significantly understates the income or expenditure levels of the households measured by a detailed module in a household survey in South Africa. Similarly, the census data imply much higher rates of poverty than do the IES data.
Furthermore, this gap depends on the area of residence of the households. For households who live in areas classified as rural portions of former homelands or other rural areas, this gap is larger than that of those who live in urban areas. These two finding suggest that one should be very cautious in using the census income for policy purposes, as one is likely overestimate poverty in some areas, and possibly underestimating it in others, with the bias being systematic. In the section that follows we propose an alternative measure also derived from the census with the help of the household survey.
V. Poverty Mapping Using Imputed Expenditures from the Population Census
As described in Section II, the concept of imputing expenditures for each household in the census is simple to grasp, yet it requires great attention to detail, especially regarding the computation of standard errors. This also makes the exercise computationally quite intensive. It involves constructing an association model between per capita household expenditure and household characteristics that are common to both the census and the household survey. After carefully constructing the variables in the exact same manner in each data set, we estimate a regression model of logarithmic per capita household expenditure on the other constructed variables that consist of household composition, education, primary occupation, quality of housing, and access to services.
The basis of the approach is that per capita household expenditure for a household h in cluster c can be explained using a set of observable characteristics. 9 These observable characteristics must be found as variables in both the survey and the census: 10 The explanatory variables are observed values and thus need to have the same definitions and the same degree of accuracy across data sources. In Babita et al (2001) , the criteria and approach used to select these explanatory variables are explained in detail. Finally, note that from a methodological standpoint it does not matter whether these variables are exogenous.
(1)
Using a linear approximation to the conditional expectation, we model the household's logarithmic per capita expenditure as
More explicitly, we model the disturbance term as The model in (2) is estimated by Generalized Least Squares using the household survey data.
The results from this first stage of the analysis are a set of estimated model parameters, including the beta vector, an associated variance-covariance matrix, and parameters describing the distribution of the disturbances.
To avoid forcing the parameter estimates to be the same for all areas in South Africa, we run the first stage regressions separately for each of the 9 provinces. The explanatory power of the nine regressions ranged from an adjusted-R 2 of 0.47 (Eastern Cape) to 0.72 (Free State), with the median adjusted-R 2 equal to 0.64. In Table 5 below, we present the regression models for each of the nine provinces in South Africa 11 .
[ Table 5 here]
In the second stage analysis we combine these parameter estimates based on the survey data with household characteristics from the census data to estimate welfare measures for subgroups of the census population. In this paper, we estimate average household expenditure, along with the poverty headcount, FGT(0). It is possible to produce these estimates for any subgroups that can be identified in the census. We perform the calculations at three geographic levels --province, magisterial district, and transitional local council.
Specifically, we combine the estimated first stage parameters with the observable characteristics of each household in the census to generate predicted log expenditures and relevant disturbances. We simulate a value of expenditure for each household, ch ŷ , based on both predicted log expenditure, β x' ch , and the disturbance terms, c η and ch ε using bootstrap methods:
For each household, the two disturbance terms are drawn from distributions described by parameters estimated in the first stage 12 . The beta coefficients, β , are drawn from the multivariate normal distribution described by the first stage beta estimates and their associated variancecovariance matrix. We then use the full set of simulated ch ŷ values to calculate expected values of the average expenditure and the poverty headcount for the three spatial subgroups described above.
11 Table 5 presents the results of GLS regressions, but the R-squared values that we report are from OLS models. We do this to give our readers a sense of the explanatory power of our regression models, as there is no precise counterpart to R-squared in a GLS model. See Greene (1997) , p. 508 for details.
We repeat this procedure 100 times, drawing a new set of beta coefficients and disturbances for each set of simulations. For each subgroup, we take the mean and standard deviation of the headcount ratio and average expenditure over all 100 simulations. For any given location, these means constitute our point estimates of the headcount ratio and average expenditure, while the standard deviations are the standard errors of these estimates.
There are two principal sources of error in the welfare measure estimates produced by this method. 13 The first component, referred to as model error in Elbers et al (2001) , is due to the fact that the parameters from the first-stage model in equation (2) 
How well do the imputed expenditure estimates improve the fit between data sets?
The average imputed household expenditure is 2,789 Rand per month. This is about 6.1% lower than the figure in the IES. Thus, imputing expenditures using census data and the IES expenditures eliminates a significant portion of the large difference between the average census income and the IES expenditures at the province level 14 . While the average predicted value from the GLS regression would be the same as the average of the sample from which it was derived, this may not necessarily have been the case when fitting parameters to another data set. The fact that the predicted value for 13 A third potential source of error is associated with computation methods. Elbers et al (2001a) found this component to be negligible.
the census corresponds to the average from the IES reflects the fact that the distribution of explanatory variables is similar in the two data sets. Furthermore, using the poverty line of 800
Rand per household per month, we predict an overall poverty incidence of 28.4% for South Africa, a figure that is virtually identical to the corresponding headcount index value of 28.3% from the IES. Table 2 . Similarly, the corresponding figures for the poverty measures that are calculated from the two alternative data sources are 0.969 and 0.917, respectively.
These are significant improvements over the previous figures that used census income. There is similar improvement in the simple correlation coefficients for average expenditure at the district council level. Even more germane to the objectives of this study, at both the province and the district council level, the imputed poverty rates and poverty rankings correlate more closely with the corresponding observations in the IES than do the poverty rates using census income.
Moreover, unlike the average income and poverty estimates based on the census data the difference between the imputed expenditures and the IES data does not depend on the area of residence of the households. The last four columns in Tables 3 & 4 show that there is no longer a significant effect of the areas of residence on the gap between the two measures. However, the coefficients for mean expenditure levels in each province remain significant and positive in the regressions for mean expenditures but not for poverty rates. Furthermore, the explanatory power in each regression model has dropped. This is exactly what one would expect if there is only a weak relationship between area of residence and how closely the mean imputed census expenditure corresponds with expenditure from the household survey.
Having established a closer correspondence of imputed expenditure in the census data to household expenditure in the IES than that of income from the census, we proceed to construct a finely disaggregated poverty map for South Africa-the primary objective of this paper. These poverty rates are reported in the annex. In Annex Table 1 provinces are ranked by the headcount poverty rate in descending order, i.e. from poorest to the richest province. Annex Table 2 
VI. How low, indeed?
The aim of a poverty mapping exercise is to disaggregate welfare information that is available for fairly large areas (such as provinces or strata in household surveys) into smaller geographical units (such as magisterial districts or municipalities). Once the precision of these welfare estimates is taken into account, the natural question to ask is whether there is any value added in producing such a finely disaggregated poverty map. It is perfectly possible that a disaggregated map will provide no practical improvement over what is available from a household survey at the stratum level, because the poverty estimates have large standard errors. For illustration, take the hypothetical example of a province with a headcount index of 0.5. Let this province have ten districts with equal population, with headcount ratios equal to 0.25 in half of them and 0.75 in the other half. If the standard errors on these ten estimates are quite large, say 0.15 for each district, we may find none of these estimates to be significantly different than 0.5, the headcount ratio for the province, or different from each other. If on the other hand, the standard errors are small, say 0.015 for each district, we will find that each district has a different poverty rate than the average province rate of 0.5. Hence the precision of the estimates is an integral part of a poverty map.
To demonstrate the precision of our estimates in South Africa, we utilize estimated headcount index at the magisterial district (MD) and transitional local council (TLC) levels in Free State, the province with the highest headcount poverty rate. As mentioned above, there are 52 MDs and 97 TLCs in Free State. For each magisterial district MD1, we first counted the number of times (in our 100 simulations) the headcount index in MD1 was larger than that of another MD. For each pair-wise comparison (out of 51 possible pairs for each MD), we noted whether this count was greater than or equal to 95 (or less than or equal to 5). We then calculated the percentage of pairs that yielded such a statistically significant difference. We repeated this exercise for each MD. The results are presented in Figure 1 .
[ Figure 1 here]
The figure shows, for each magisterial district, the percentage of pairs for which the headcount rates are significantly different than each other. We see that this percentage varies from almost 100 in better-off MDs, to approximately 70 in the poorest MDs, to a low of 25 in MDs with average poverty rates 15 . If one were to pick a MD (or TLC) at random in Free State, its poverty rate would be significantly different than more than half of its neighbors, using our estimates of headcount index and the associated standard errors. 15 The same percentages are 98, 90, and 33 respectively, when we use a 90% confidence interval.
We also perform a simpler test for each MD. We count the number of MDs with poverty rates that are significantly different than 0.537, our estimate of the headcount ratio in Free State.
Out of 52 MDs in Free State, 31 MDs have a significantly higher rate of poverty than the province average, while 7 have a significantly lower rate using a 95% confidence interval. This is illustrated on a detailed map of Free State in Figure 2 . The same figures for the 97 TLCs in Free State are 37
and 13, respectively. Overall, 73% of the MDs and 51% of the TLCs have a significantly different poverty rate than the average poverty in Free State.
[Figure 2 here]
To summarize this section, we demonstrate that there is value added in producing poverty estimates for MDs and TLCs in Free State in South Africa. It is not possible to definitively answer our title question "how low can you go", as this is dependent on the use of the comparisons (and the desired confidence interval) as well as the precision of the first-stage model in the province for which the question is posed. Furthermore, the poverty estimates for any location in the census are affected by the number of households in that particular location. As mentioned in Section V, this is because the idiosyncratic error increases as population size decreases. Nonetheless, we provide evidence that it is possible to produce poverty estimates for small administrative units, such as MDs and TLCs.
We show that the headcount estimates from a finely disaggregated poverty map can be sufficiently precise to be useful to careful policy-makers. On average, the precision of our headcount index (ratio of standard errors to headcount estimates) for magisterial districts (3 rd administrative level) in South Africa is similar to the precision of headcount figures from the IES for provinces (1 st administrative level). This is in line with similar results recently found in Ecuador, Madagascar, and Mozambique 16 . If researchers are content to use household surveys to make comparative statements regarding poverty across provinces, then the chances are fair that they will also be content to make similar comparisons across 2 nd and 3 rd administrative levels within those provinces using a poverty map, such as ours.
VII. Concluding Discussion.
We show that the income from the census data provides only a weak proxy for the average expenditure or poverty rates at the provincial and the district council levels. We also present a method of imputing expenditures using information in the IES. The values for household consumption obtained using the regression parameters from the IES and the characteristics available in the census are plausible and provide a fair fit with the IES data. The poverty rate, based on this methodology, for each magisterial district and transitional local council in Free State are provided in the annex.
Since we have attempted to validate the estimates with data in the IES it is logical to ask why not use just this data and bypass the imputation. However, as discussed, the IES was not designed to be representative at lower levels of aggregation while the census is, by design exhaustive (and, hence, representative) for any jurisdiction. That is, there is no sampling error, although there may be non-sampling error in the manner in which complex information was captured. The imputations reported here are based on readily observable characteristics of a household.
Our purpose is not merely to explore estimates of poverty at the province level. In many cases these provinces are themselves heterogeneous and there is often the need to know the rates of poverty for lower tiers of administration or for sub-regions within a province. While we cannot formally test whether the imputations that we provide are more accurate than the original information on income in the census data for lower tiers of administration, the evidence that has been presented is supportive of the claim that the imputed consumption provides an unbiased estimate of poverty. Thus, we believe that the estimate of consumption constructed for each household can be aggregated at lower levels of administration that require information on poverty at the local level. Indeed, because the technique provides an estimate of consumption for each household in rather geographically defined enumeration areas, poverty estimates can be provided for aggregations that differ from those which existed at the time the census was undertaken. This assists in updating information as the process of decentralization of government services progresses.
Moreover, with improvements provided with geographic information systems such mapping can be a valuable tool in prioritizing government resource allocation.
Finally, we believe that unit record census data is underutilized in many countries, especially in the developing world. Census data consist of basic, yet useful information that collects dust on the shelves waiting to be exploited. We encourage our readers, whenever possible, to help make census data more accessible to researchers and policy-makers around the world. Standard errors are in parentheses. The mean gap is weighted by number of households in each province.
* denotes significance at the 5% level and ** at the 1% level. Standard errors are in parentheses. The mean gap is weighted by number of households in each District Council.
* denotes significance at the 5% level and ** at the 1% level. 
